In previous work we have shown that GPR signatures are affected by soil texture and soil water content. In this contribution we will use a three dimensional electromagnetic model and a hydrological soil model to explore in more detail the relationships between GPR signatures, soil physical conditions and GPR detection performance. First, we will use the HYDRUS2D hydrological model to calculate a soil water content distribution around a land-mine. This model has been verified against measured soil water distributions in previous work. Next, we will use existing pedotransfer functions (e.g. Topp, Peplinski, Dobson, Ulaby) to convert the predicted soil water contents around the land-mines as well as known soil textures and bulk densities into soil parameters relevant to the electromagnetic behaviour of the soil medium. This will enable a mapping between the hydrological model and the electromagnetic GPR model. Using existing and new laboratory and field measurements from the land-mine test facilities at TNO-FEL we will make a first attempt to verify our modelling approach for the prediction of GPR signatures in field soils. Finally a detection algorithm is used to evaluate the GPR detection performance with respect to changing environmental soil conditions.
INTRODUCTION
Detection performance of mine detection sensors in general is influenced by several environmental factors like, soil texture and structure, soil water content and prevailing and historic weather conditions, as well as like type and depth of the landmine. For a ground penetrating radar (GPR) specifically, the most important parameter that influences GPR operation and performance is the soil water content, since this directly influences the electromagnetic parameters to which a GPR is sensitive namely the permittivity and electrical conductivity of the embedding soil environment.
Through proper modelling using known quantities like bulk soil density and texture, as well as (historic) weather information like precipitation and temperature, the spatial moisture distribution around a buried object like for instance a land-mine can be calculated.
In previous work 1 we have shown that hydrological modelling of the soil environment around a land-mine closely matches measurements taken during controlled experiments at the TNO-FEL test facilities. 2 In a follow up step we now couple the hydrological modelling outcome to an electromagnetic model by means of existing pedotransfer functions. In previous work 1 we have used simple one dimensional GPR reflection time modelling together with Topp's equation 3 to link model and measurements. In this paper we have chosen to use the equation presented by Dobson, Peplinski and Ulaby. 4 Alternatively one could use mixing formulas as described by Ari Sihvola. 5 Instead of the simple one dimensional GPR model we now use a three dimensional electromagnetic finite difference time domain (FDTD) model. 6 The latter model more realistically predicts GPR behaviour in a soil environment and is also more suitable to linking to the hydrological model. Finally we apply a detection algorithm based on autoregressive modelling 7 of the mine signature, to determine the effect of the changes in the soil environmental conditions on the GPR detection performance. This AR model extracts eigenmodes from the scattered signal of a mine, and determines the optimum number of poles describing the time series that represents the mine signature. Subsequently the statistical distance of these poles to those of other (measurement) data is determined. Where this distance is minimal we declare a detection.
MODELS
In this study we use several models, equations and detection algorithms that we will describe here. To elucidate the relationship between the various models we present figure 1. The known quantities are the basic parameters of the environment and Figure 1 . Model relations the equipment. Input parameters required for the hydrological model would include information such as soil composition, initial water content, applied water, evaporation, etc. For the electromagnetic (EM) GPR model the relative permittivity ε r and conductivity σ of the embedding soil should be known, as well as the incident field applied by the GPR. For both models the location and dimensions of the land-mine also have to be known. In the case of the EM model we also need electromagnetic parameters of the materials the mine is made up of. In our research and experiments we use land-mine simulants containing a compound 8 which resembles the EM characteristics of real explosives closely.
To evaluate the effect of changes in the environment on the performance of a GPR the whole chain of models is followed starting with the hydrological model. We use HYDRUS 2D in a rotationally symmetric configuration which yields a spatial distribution of the water content around a buried land-mine. Next we link the output of the hydrological model to the electromagnetic model by means of equations proposed by Dobson, Peplinski 4 and Ulaby. We constructed some Matlab scripts to facilitate easy calculations for a wide range of soil-water contents. The electromagnetic modelling code is a straight forward generally available finite difference time domain (FDTD) code with a choice of different absorbing boundary conditions. 6 We use the results from the hydrological model after being processed by the Matlab scripts implementing the Dobson, Peplinski and Ulaby equations, to generate the proper embedding environment parameters for the FDTD code. The electromagnetic modelling code subsequently produces data that can be compared to regular GPR measurements obtain from experiments at the TNO-FEL test facility. To determine the effect of a change in soil environment input parameters, we let the different models run and let the effects ripple through the linked models. Just like normal GPR measurements we now apply a detection algorithm to determine if there is an improvement or deterioration in GPR performance.
Another application of this work is the use of electromagnetic inversion codes. Inversion techniques are notoriously ill posed and often non-unique problems. Some of the problems involved here can be addressed by using the information from the other models advantageously. This however is a topic for another paper and beyond the scope of this one.
Hydrological model HYDRUS 2D
The hydrological modelling as described here enables one to relate known soil characteristics and climatological information to a soil water content distribution around buried objects like land-mines. In this paragraph, we briefly summarise results from earlier work.
Soil water distributions around land-mines have been modelled using the HYDRUS-2D package 9 of the U.S. Salinity Laboratory at Riverside, California. HYDRUS-2D is a modelling environment for simulating two-dimensional water, heat, and solute movement and root water uptake in variably saturated soil. The flow equations are solved numerically using a Galerkin-type linear finite element scheme.
We have followed earlier work by Das 10 et al. and Hendrickx 11 et al. and used a quasi three-dimensional region exhibiting radial symmetry about the vertical axis. Richards equation was solved to simulate unsaturated water flow in a soil cylinder with a radius of 2 m and depth of 2 m. The anti tank mine (type NR26) was placed in the centre of the cylinder with its top at a depth of 0.30 m. Observation points were located approximately one centimetre above and one centimetre below the mine about 1 cm away from its centre. Simulations were conducted for a sand soil similar to that present at the experimental test facility 'Waalsdorp' TNO Physics and Electronics Laboratory in The Netherlands. 2 Since no hydraulic properties have been measured the hydraulic properties of the Van Genuchten model provided by the HYDRUS-2D model were used. 9 The initial condition was set as a dry sand soil (4% volumetric water content) throughout the profile. 80 mm of water infiltrating in the second hour after start of the simulations was applied as top boundary condition. A no-flux boundary condition was imposed on two sides of the flow domain. The simulations were conducted for a period equivalent to 48 hours infiltration time. It was assumed that no significant evaporation occurred from the soil during this period, which is reasonable for winter conditions in The Netherlands. only during one hour, soil water remains dynamic for the entire 48 hours of the simulation. After an application of 80 mm the soil water content just above the mine (30 cm depth) increases almost immediately while below the mine (45 cm depth) it takes about 10 hours after termination of water application at the soil surface for the water content to increase. All water contents stabilise at around 15 volume percent. This means that a layered soil profile due to water infiltration in a dry soil is a common phenomenon of field soils.
The model outcome was experimentally verified by a corresponding infiltration experiment that was carried out at the TNO Physics and Electronics Laboratory's mine detection test facility 'Waalsdorp'. 2 Detailed description of this experiment can be found in previous work 1 (see references).
Soil property models
The dielectric properties of soil depend on a number of factors, including bulk density, the texture of the soil particles (sand, silt, clay), the density of the soil particles, the volumetric water content of the soil, the temperature, and the frequencies of interest. Research has also shown that the dielectric properties of soil depend on the amount of "bound water" which is in close contact with the minerals in the soil. Theoretical and empirical models of the dielectric properties of the different components of the soil have been combined into semi-empirical mixing models which can be used to predict dielectric properties of field soils.
We
The inputs to this model consist of the volumetric water content θ, the frequency f , the fraction of sand particles S, the fraction of clay particles C, the density of the soil particles ρ S (typically 2.6 g/cm 3 ), and the bulk density of the soil ρ B . An empirically determined formula for effective conductivity is,
The sand and clay fractions also enter the model through two constants which depend on the soil type but are independent of frequency and soil water content.
The complex dielectric constant (i.e. relative permittivity) for 'free'-water is given by,
where the real part is,
and the imaginary part,
In these formulas the ε 0 is the permittivity of free space (vacuum), ε w 0 is the static dielectric constant (i.e. relative permittivity) of water (=80.1 at 20 • C), ε w ∞ the high frequency limit of ε fw (=4.9), and τ w the relaxation time of water (= 9.23 × 10 −12 s at 20 • C). The relative permittivity of soil particles is given by the empirical model,
Finally, the real and imaginary part of the relative permittivity for the bulk soil are estimated by,
and,
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In these formulas, α = 0.65 is a constant which has been empirically fitted to the data and the conductivity is given by equation 1.
The texture information of the sand soil present at the TNO-FEL test location, is given in table 1. The clay, silt and sand fractions comprise grain sizes smaller than 2 µm, between 2 and 63 µm, and above 63 µm, respectively. It follows that the sand percentage is 98%. The organic matter content is less than 1%. For the soil particles we assumed a density of 2.6 g/cm 3 . The dry bulk density was measured for three samples (at 0 m, 0.5 m, and 1.0 m depth) and averages 1.55 g/cm 3 . The gravimetric water content was estimated for the same samples, and was used to calculate the average volumetric water content. The volumetric water content, which is an input parameter in the pedotransfer functions, is 0.083 cm 3 /cm 3 for the sand soil. Both the dry bulk density and the volumetric water content were measured in the field soil, before excavation and installation in the test lane. We subsequently use the equations that were mentioned above to calculate the complex Table 1 . Grain size fractions obtained after sieving (for material >63 µm) and using a sedigraph (for material <63 µm ). The analyses were done using samples of the soil before excavation. Tabulated At θ=0.01, the model produces an incorrect value. The imaginary part is essentially zero, but the regression model 4 actually produces a small negative value.This reflects a round off error in the calculations and is there for ignored.
Electromagnetic FDTD model
For the electromagnetic modelling of the GPR environment there are several choices at our disposal. Apart from locally at TNO-FEL developed codes several other options are available. It was decided to use a publicly available FDTD code from Aulbert. 6 This program, including sources, is placed under the GNU General Public License and free for anyone to use or modify. The mathematical implementation is excellent but creating complicated models is a bit cumbersome.
For the soil environment we used a relative permittivity ε r = 4 and for the NR26 mine we used a ε r = 3. 8 Note that we also modelled the air gap and the top structure of the mine (see fig. 4a ). Being limited by the rectangular grid we had to approximate the sloping top of the mine with two steps. Figure 4b depicts simulation was carried out with a spatial resolution of 1 cm. Exitation was implemented by means of one and a half periode of sinusoidal cycle stimulus of resp. 100 MHz and 1 Ghz. This transmitter is equivalent a dipole generating an E x field. Consequently the receivers (i.e. observation points) were also chosen to record only the E x component. Snapshots of the XZ plane were taken every 10 steps. The complete simulation was carried out over the equiavalent of 30 ns. The following figures show some results of simulation snapshots. A small conductivity of respectively σ = 0.02 S/m and σ = 0.05 S/m was given to the surounding soil medium. For the sake of brevity we only we only show a number of snapshots that demonstrate the refraction of the incident field through the buried land-mine (σ soil = 0.05 S/m).
Detection algorithm
Several GPR mine detection algorithms have been implemented at the TNO Physics and Electronics Laboratory. The one we currently favour is detection by means of autoregressive modelling. 7 This techniques has also been successfully employed in speech processing. Basically we extract the eigenmodes from the scattered signal of a mine. This will be useful if the models are identifiable. To this end we must specify a unique set of model parameters.
In an autoregressive model of order R, a time series y n is modelled as a linear combination of R earlier values in the time series, with the addition of a correction term x n : To render the data analysis using autoregressive models suitable to a wide class of land-mines, we must generalise the estimation of eigenmodes to an arbitrary order of the models. Autoregressive processes of any order can be decomposed into eigenmodes with characteristic oscillation periods. To obtain insight in the reliability of the estimated eigenmodes, confidence intervals for the eigenmodes must be computed from the estimated parameters. In the context of real-time processing, a computational efficient method for estimating the parameters was implemented. To this end, a stepwise least squares algorithm was used. In such an algorithm the model coefficients are computed and evaluation is done by criteria for selection of the model order, which best fits the observed data.
Recognition of an unknown mine is performed using a statistical distance to score the autoregressive model of each mine based upon the given observation sequence, and select the autoregressive model of the mine whose score is highest.
We refer to the theory described by van Wijk 7 for the mathematical foundations of this algorithm and only present the results of the application of the algorithm to our data from the infiltration experiment. 1 To begin with we build an autoregressive (AR) model of the signal coming from a know mine location. Suppression of any undesirable and unwanted signal artefacts will lead to a better more representative model of the mine. Removal of the direct coupling signal for instance, would be a good starting point. We therefore select only a limited part of the land-mine related GPR trace. As input parameters to the AR model we also need to specify the minimal and maximal order of the all-pole model. In figure 7 we depict part of the GPR trace which has the mine signature in it, as well as the corresponding spectrum, impulse response and location of the poles describing the AR model. Next we determine the statistical distance of the mine AR model with respect to the other data in the GPR track and plot this in the same picture depicted in figure 8 . Where this quantity is minimal we declare a detection. As can be clearly seen from the figure the statistical distance between the AR model and the data is a minimum at the mine locations. The detection algorithm even is able to pick out the mine signature from between the buried TDR sensors.
Next we present data taken at two instances. The first set was taken right after the start of the infiltration experiment. The second one was the final measurement taken, roughly two weeks after the start of the infiltration experiment. Looking at figure 9a) we see that the EM wave propagation speed of the sand declines as a result of the increased water content. The result is that the part of the GPR signal that contains information of the AT mine has shifted down further in time i.e. partly out of the data acquisition window. Too little information is now present in the data to be able to build a reliable AR model and detect the mine. In figure 9b ) we see the situation two weeks after the start of the infiltration experiment. The wave propagation speeds have increased again, resulting in better data with more information pertaining to the mine. Looking at figure 2b) we see a moisture level (water content) of close to 15%. With the naked eye an untrained observer will have trouble to identify the location of the (wet) mine from this data. However judging from the graph with the statistical distances the detection algorithm seems to pick up the mine signature again with a minimum at the respective mine locations.
CONCLUSIONS
We have proposed a scheme of linked models and algorithms that can be used to evaluate the detection performance of a ground penetrating radar under varying environmental soil conditions. Next we have illustrated the use of these models for the problem of mine detection using data from experiments with land-mine simulants. We have also demonstrated how these models can be linked together to form a processing chain. Finally we have shown how soil water content influences the detection performance of a GPR by means of a detection algorithm. From experiments and modelling it is clear that (increasing) water content adversely affects detection performance. It is demonstrated that, with knowledge of the soil environment and some other parameters, one can predict a soil moisture distribution around a land-mine, which in turn can be used as input to an electromagnetic model, that predicts the GPR response under those environmental soil circumstances.
The work presented here has been carried out for one soil type and one type of land-mine (and GPR). Future work will focus on expanding the range of soil types and land-mines. The link between the different models is currently based on parameter mapping but can, and should be, implemented more tightly, more accurate and over a bigger spatial domain. Different candidate detection algorithms should also be evaluated. Further validation by means of extended numerical and physical experiments is envisaged. To be of practical use, a future version of this collection of linked models has to be calibrated and trained on real world scenarios.
